Abstract: This study deals with the application of several multivariate statistical methods (cluster analysis, principal components analysis, multiple regression on absolute principal components scores) for assessment of soil pollution by heavy metals. The sampling was performed in a heavily polluted region and the chemometric analysis revealed four latent factors, which describe 84.5 % of the total variance of the system, responsible for the data structure. These factors, whose identity was proved also by cluster analysis, were conditionally named "ore specific", "metal industrial", "cement industrial", and "steel production" factors. Further, the contribution of each identified factor to the total pollution of the soil by each metal pollutant in consideration was determined.
Introduction
Anthropogenic activity is one of the main reasons for soil pollution. Especially high loads are due to contamination by heavy metals whose sources are mainly metallurgical plants, urban heating processes, agricultural treatment of land, etc. The polluting emissions are mainly fixed in the upper soil zone and, even after a partial remobilization of the heavy metals, could bring contamination to groundwater, increasing input to agricultural plants and, thus, harmful effects in the human food chain.
The careful exploratory data analysis of polluted soil samples proves to be an im-portant tool to assess the soil quality in endangered regions [1] [2] [3] [4] . Various approaches are usually applied in order to collect sufficient information from the monitoring results, and, in turn, interpret and model the data sets. This approach is, indeed, an advanced assessment procedure, which is very effective for heavily polluted regions. In such cases the simple interpretation of the monitoring results, involving only standard comparison of registered heavy metal concentrations with accepted hazardous threshold values, does not allow a real data interpretation. The pollution process is, in principle, a multivariate one and only multivariate data treatment is appropriate for assessment activities. Further, the multivariate exploratory data analysis reveals the data structure and extracts possible pollution sources and their effects in a quantitative way. It is the aim of the present study to perform a multivariate statistical treatment of a data set collected on polluted soils in order to detect the hidden data set structure, to interpret the physical meaning of the latent factors found, and to apportion the effect of the pollution sources on the total concentration of the pollutants in the soil.
Experimental

Sampling region and sampling procedure
The region of Maxhütte Unterwellenborn is one of the largest metallurgical plants in the former German Democratic Republic, and was chosen as the investigation area. The location of a cement mill was also involved in the sampling campaign. The territorial location of the sampling area is presented in Fig. 1 . The surroundings of the industrial complex were heavily polluted by dust-like emissions over a period of several decades. The resulting emission loads by sedimented air-borne particles in 1989 are given in Fig. 2 . 62 samples were taken at a depth of 0 -20 cm over an area of 18 km 2 around the metallurgical plant and the cement mill. The samples were dried at 60
• C and sieved with a mesh size of less than 2 mm. 1 g of the soil was extracted with a mixture of 21 mL HCL (32 %, p.A., Merck) and 7 mL HNO 3 (65 %, p.A., Merck) under reflux for 2 h [5] . The suspension was filtered after cooling and the solution was completed to 100 mL. The concentrations of the elements Ca, Cr, Cu, Fe, K, Mg, Mn, Na, Ni and Zn were determined by the optical emission spectrometer with inductively coupled plasma Spectroflame (Spectro Kleve) [6] , and Pb and Cd by the atomic absorption spectrometer PC 5100 ZL (Perkin Elmer), using the graphite furnace technique with Zeeman background correction [7, 8] . The 62 sampling sites located in the surrounding area of the industrial area are shown in Fig. 3 , including the two-dimensional information of the clustering according Fig. 5 . This presentation allows a better understanding of the results of the multivariate statistical analysis, especially cluster analysis.
Multivariate statistical methods
The traditional approach to the interpretation of data sets of similar type is usually "onedimensional". Consistency checking, correlations, and classification with respect to spatial or agricultural parameters are plotted in bivariate plots to consider some obvious patterns. Further, determination of ion concentration ratios is performed to get information on the influence on natural or artificial factors in the soil processes. These approaches are very useful to ensure certain preliminary information, but are non-sufficient for adequate data modeling.
Our strategy includes following separate calculations:
• Cluster analysis to reveal similarity or dissimilarity between sampling sites and between chemical variables; • Principal components analysis (PCA) to determine the sources responsible for the data structure; • Regression modeling of principal components in order to determine in a quantitative way the contribution of different natural and anthropogenic sources to the formation of the levels of heavy metals in the soil. In various environmental studies cluster analysis is carried out to reveal specific linkage between objects characterized by different variables or, vice versa, to detect relationships between the features explaining the objects. Hierarchical agglomerative clustering of the z-transformed input data (single linkage, average linkage, and Ward's method of linkage, squared Euclidean distance as similarity measure) was applied to soil data sets. The aim was to find out patterns of similarity based on various reasons. Further, the clustering of the chemical characteristics helped in estimating the factors responsible for the data structure [9] .
PCA and related multivariate statistical techniques in air pollution studies have been applied to determine possible influence and contribution of natural and anthropogenic factors in data structuring [10, 11] . PCA is a typical display method, which is able to reveal the hidden structure of the data set, trying to explain the influence of latent factors on the data distribution [12, 13] . A very useful modeling technique applied after PCA is the computation of absolute principal component scores (APCS) for each sample, followed by regression of sample concentration on these APCSs to derive each identified sources estimated concentration contribution [14] . This approach allows for the estimation of the contribution of each identified source (by PCA) to the ambient concentration (mass) of each component. The main advantage of this way of modeling is the opportunity to evaluate the source emissions without direct measurements. The complete original description of the procedure could be found in [14] .
In the statistical data treatment the software package STATISTICA 6.0 was used.
Results and discussion
In a previous study [15] the character of the spatial distribution of the pollution of the same region of interest was assessed by the use of geostatistical methods. The aim of the study was, in principle, to determine the minimum number of samples required for a representative description of the investigated area. It was of substantial interest to investigate the structure of the data set and to identify some pollution sources in the region based on multivariate statistical analysis.
Principal components analysis and apportioning on principal components
It has to be stated that PCA was performed on standardized input data in order to avoid differences in variables dimensions. Varimax rotation mode of PCA was used. It was found that four principal components (latent factors) describe 84.5 % of the total variance of the system (62 sampling sites by 11 variables). From the cross-correlation matrix of the system it was found that potassium is the only component negatively correlated to some other components and a sound physicochemical interpretation cannot be found for this fact. For this reason, potassium was eliminated from the variable list and all other calculations were performed for 11 variables (Cu, Ca, Mn, Mg, Cr, Fe, Ni, Zn, Na, Pb and Cd). The scree plot validation of the PCA confirms the choice of 4 PCs. The factor loadings are presented along with the percentage of the explained variance by each latent factor in Table 1 . The first latent factor, which explains 32.1 % of the total variance, could be conditionally named "ore-specific" since it reflects the correlation of iron, nickel, zinc and cadmium (as well as copper to a high extent) and represents the effect of the pollution caused by the treatment of the raw materials in the industrial region.
The second latent factor explaining 21.3 % of the total variance includes high correlation of the variables manganese, chromium and sodium indicating a "metal industrial " factor. It is related to the specific metal production in the region and indicates the pollution by this source.
The third principal component explains 17.8 % of the total variance and summarizes the "cement industrial " factor of pollution. This assumption is confirmed by the high correlation of the variables calcium and magnesium.
Finally, a "steel production" factor could be identified, which is related to the lead variable and explains 13.3 % of the total variance.
After source identification in the region of interest it was important to determine the contribution of each possible polluting source in the formation of the total amount of each component in consideration. The apportioning of the total metal concentrations with respect to the identified principal components is presented in Table 2 Mass apportioning of the analytes with respect to the identified sources (First row is the absolute source contribution, the second row -the relative source contribution).
As seen from the results of the multiple regression on the absolute principal components scores [14] each metal concentration is formed by various contribution of the four sources. Thus, it is possible to obtain a quantitative assessment about the influence of each polluting source on the pollutant concentrations. This model could be checked as any regression model and the squared correlation coefficient (multiple correlation coefficient) presented in the Table 2 gives an idea about the model adequateness in fitting (this is the correlation between the concentration values calculated by the model and the experimentally obtained values).
Cluster analysis
It is important to note that the different linking approaches gave the same clustering of the objects observed. We present only the results of the clustering by Ward's method since it makes a better separation between different clusters. The hierarchical clustering of the variables (Ward's method of linkage, squared Euclidean distance as similarity measure) has confirmed the results from the PCA. Four clusters are formed (Fig. 4) , which correspond completely to the four latent factors identified in the previous multivariate statistical analysis. The levels of similarity chosen were 33.3 % and 66.7 % of the maximal similarity distance [9] . In this way it is proven that there are probably four pollution sources in the region and they are related to the ore-specific, metal industrial, cement industrial and steel industrial patterns.
The classification of the sampling sites by the use of the same hierarchical clustering method is presented on the dendrogram (Fig. 5) and additionally as the embedded isoline plot in the regional map (Fig. 3) . Two major clusters are formed:
In cluster 1 are predominant sampling sites (marked as "c1" in Fig. 3 ) characterized by a smaller pollution in the surroundings of the factory sites.
Most of the sampling locations (marked as "c2" in Fig. 3 ) grouped in cluster 2 are located close to the company, near and on slagheaps and in undercut slope of the main wind direction. The green area located 4 km west and between 1 and 2 km north was under decontamination/reconstruction before the sampling campaign was started. Because the polluted upper soil layer was removed this sub-area is characterized by less pollution.
Conclusion
The study carried out indicated that in the region of interest four polluting sources could be identified related to the industrial specification of the area -ore treatment, metal, steel, and cement production. The anthropogenic industrial impact was quantitatively distributed between the specific polluting sources and gave indications about the contribution of each pollutant to the formation of the total concentration. This approach ensures better problem solving and assessment of the possible solutions.
